Abstract-Spectral reflectance data, including irradiance reflectance (R t ) and remote sensing reflectance (R rs , sr −1 ), and colored dissolved organic matter (CDOM) absorption coefficients a CDOM (440), were collected in the Saginaw River and Kawkawlin River plume regions of Lake Huron. We developed an empirical band ratio algorithm to derive a CDOM (440) that could be directly applicable to Landsat-8 imagery. A model ranking method is used to determine the best band ratios as well as their empirical functions. One problem of previous CDOM estimations from Landsat imagery is that they usually use R t or R t /π rather than the real R rs as the input data, but as a result of our study, algorithms derived using R rs performed much better than using R t . The green/red band ratio gave the best accuracies by fitting with power and exponential models 
strongly in the ultraviolet (UV) and visible light and plays a quite important role in cycling carbon [1] , [2] , and can be used to estimate the amount of dissolved organic carbon (DOC) in aquatic environments [3] [4] [5] . A high level of CDOM may be important in protecting phytoplankton and other light-sensitive aquatic organisms from UV radiation [6] , but it also largely affects penetration of photosynthetically active radiation of underwater light field and is therefore a vital parameter in primary productivity [7] . CDOM is a significant indicator of water quality and particularly has important impacts on drinking water, aquatic ecosystems, and carbon balances [8] , [9] . Accordingly, it is essential and necessary to investigate and quantify CDOM in complex inland waters. The absorption coefficient of CDOM at 440 nm, i.e., a CDOM (440), is commonly used as an optical proxy of CDOM concentration and is able to be estimated through remote sensing inversions, providing a large-scale and frequent CDOM monitoring.
Numerous remote sensing algorithms that are usually band ratio empirical models have been developed to derive CDOM absorption coefficient products from some well-known ocean color satellites, such as SeaWiFS, MODIS-Aqua, and MERIS, for open sea and coastal regions [10] [11] [12] [13] [14] . Although the temporal resolutions of these satellites are high, their application for small-scale water is not appropriate because of the low spatial resolutions. Landsat is designed for terrestrial observation and thus lack reasonable temporal and spectral resolutions for monitoring ocean color constituents, but its high spatial resolution (30 m) and Landsat Data Continuity Mission make it attractive to investigate an exact and detailed spatial distribution of water quality parameters for small-scale inland water. To date, some studies have used Landsat Thematic Mapper (TM) or Landsat Enhanced Mapper Plus (ETM+) imagery to retrieve CDOM concentration of case II water. Compared with Landsat-7, the quality of Landsat-8 imagery has been greatly improved and more appropriate for inland water remote sensing, due to its elevated 12-bit quantization and signal-to-noise ratio, and an additional coastal/aerosol band. It is thus necessary to evaluate the potential of the Landsat-8 for CDOM inversion.
By reviewing the previous studies of CDOM estimation from Landsat imagery, we found there three major issues of building a band-ratio model : 1) what is the best band ratio, 2) what is the best empirical function, and 3) what are the best input data, namely, using reflectance at which level (atmosphere, water surface, or water body).
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For the first issue, Kutser et al. [15] and Kallio et al. [16] developed a green-red band ratio model for Landsat ETM+. Similarly, Joshi and D'Sa [17] used a green-red band ratio empirical algorithm to derive CDOM from Landsat TM. Recently, Slonecker et al. [18] discovered a blue-green band ratio model (R 2 = 0.4176), showing a better performance than green-red band ratio model (R 2 = 0.2316) for Landsat-8. On the other hand, Alcântara et al. [19] proposed a red-blue band ratio model based on Landsat-8 Operational Land Imager (OLI) (R 2 = 0.70). The two studies about Landsat-8 have not exhibited results of other band ratios. These controversial band ratio models thus need us to test all possible band ratio combinations, especially those related to the additional coastal/aerosol band of Landsat-8.
For the second issue, Kallio et al. [16] used a linear model; Kutser et al. [15] , Joshi and D'Sa [17] , and Kutser [20] used a power model; and Brezonik et al. [21] and Griffin et al. [22] developed an exponential empirical algorithm. Additionally, a logarithmic model was also applied to derive water quality parameters [23] . So far, there have been few studies to compare these different regression functions. It should be observed that linear and logarithmic models are possible to produce negative estimations in case the input data are out of their regression ranges. Hence, it is meaningful to evaluate the different functions including linear, power, exponential, and logarithmic models to explore which one is the best for CDOM estimation from Landsat-8.
For the third issue, a significant weakness of using either Landsat-4/5/7 or 8 is that the model inputs are either irradiance reflectance (R t ) [17] , [18] , [22] or top-of-atmosphere reflectance (R TOA ) [20] , [21] , [24] . R t , the water's total reflectance, is defined as the ratio of the surface upwelling irradiance (E u ) to the downwelling irradiance (E d ), namely, R t = E u /E d . R t is contributed by both air-water surface and water body [25] . Due to the impacts of the atmosphere and the reflectance of water surface, theoretically, both R TOA and R t cannot be directly used to remotely estimate ocean color variables. However, there are many Landsat-based ocean color studies that use R TOA or R t and sometimes compare them. Kallio et al. [16] and Bonansea et al. [26] have shown that the R t -based model improved the estimation accuracy compared with the R TOA -based model. Tebbs et al. [27] have demonstrated that single-band algorithms using R t performed better than those using R TOA , but results would be opposite if using a band ratio model. Instead of using R TOA or R t , there are few studies devoted to employ Landsat-8 imagery to estimate CDOM in a rigorous scheme of ocean color remote sensing, in which the remote sensing reflectance (R rs ) should be used. R rs is calculated from using water-leaving radiance (L w ) divided by the downwelling irradiance (E d ), where L w is usually a quite weak signal but completely contributed by water body as well as all in-water components, without the impact of water surface. It is notable that some studies just used an equation R rs = R t /π to calculate R rs [19] , [28] [29] [30] . In fact, the equation could not derive the real R rs because the effect of reflectance at water surface is unable to be removed [see (6) ]. Moreover, the constant π will be canceled when it is put into a band ratio formula, for example, Alcântara et al. [19] developed a quadratic equation [a CDOM (440) = 2.7x 2 −6.14x +4.19, x = R t (650)/R t (480)]-apparently here x = R t (650)/R t (480) if R rs = R t /π, so these so-called R rs -based models are actually R t -based models. Thus, we are motivated to compare the real R rs and R t models and to see which one is the better input data level for CDOM retrieving from Landsat-8 imagery.
Based on the above three issues, the main goal of this paper corresponds to three sessions.
1) Answering the above-mentioned three issues (the best band ratio, best function, and best input data level). 2) Based on the results of the first session, developing the best band-ratio model for CDOM retrieving from Landsat-8 imagery. 3) Applying the results of the second session, i.e., the best model, to Landsat-8 images and analyze the derived spatial distribution of CDOM. The critical part of the three sessions is the third issue of comparing different input data levels R rs and R t -this issue is important but has not be well settled for Landsat-based CDOM estimation.
II. DATA AND METHODS

A. Study Area
Water in our study site is typical inland complex water and its quality is influenced by increasing of industrial, agricultural, and urbanization activities as well as population growth. People and local governments of the MBS region (Bay City, Saginaw, and Midland) pay attention to the potential worsening of water quality in the study area. The two rivers are major tributaries flowing into the Saginaw Bay of Lake Huron (Fig. 1) . Compared with the Kawkawlin River, the Saginaw River is longer (36 km) and with larger watershed area (22 260 km 2 ), while the former is prominently smaller with a length of 28.2 km and a watershed area of 647 km 2 . The mouths of the two rivers in the Saginaw Bay are 1 km apart. The concentrations of suspended sediment in the Saginaw River are 9-29 mg/L [31] , and consequently, it is visually more turbid than the Kawkawlin River, which usually discharges clearer but much darker water into the Saginaw Bay. More environmental and water properties of the site can be referred to [32] .
B. In Situ Measurements
Three field cruises were conducted on May 10, 2012, October 18, 2012, and May 7, 2013 , and during those dates, 10, 18, and 13 samples (41 samples in total) were collected in the Saginaw and Kawkawlin River plume regions of Lake Huron, respectively. With the purpose of capturing CDOM variation of the whole study area as much as possible, the cruise tracks were conducted along a potential CDOM spatial gradient in the plumes. The in situ water optical properties, the above-surface radiance (L t ) and sky radiance (L i ), were measured by a hyperspectral surface acquisition system (HyperSAS) (355-800 nm), and the above-surface downwelling irradiance (E d ) was measured by a hyperspectral ocean color radiometer (HyperOCR) (355-800 nm). Surface water samples were collected using a bucket, dispensed into amber bottles (polypropylene 500 mL), and stored in a cooler kept at ambient water temperatures until further analyzed in the laboratory (within 6 h in Mount Pleasant, Michigan).
For each sample, over 20 spectra were measured to minimize the spectral uncertainty and the median value was selected for calculating R t and R rs . To evaluate the uncertainty of water samples, two bottles of water were collected at each sampling point during the first cruise. Twenty samples from the ten sampling points proved that the uncertainty was small (<5%), and resulted in collecting only one water sample for each sampling point during the other two cruises. More details of our measurements can be referred to [32] .
Spectra R t and R rs required for the empirical algorithm development were calculated by
where ρ is the water surface reflectance factor representing the proportion of surface-reflected sky radiance, which was assumed to be 0.028 according to the HyperSAS manual and Mobley [33] . The in situ spectra were resampled to Landsat-8 wavelengths using their spectral response function [34] . Water samples were filtered in a biology lab via GF/F glass microfiber membrane (0.70 μm) under low pressure (<5 atm). The filters were preserved to measure chlorophyll-a concentration through high-performance liquid chromatography. The filtrate was collected and CDOM absorbance A(λ) scanning from 200 and 800 nm was determined by a Cray-60 spectroradiometer with a 1-cm cuvette and Milli-Q blank correction. Then, the absorbance was converted into CDOM absorption coefficients by
In addition, the second filtrate samples were preserved to measure DOC concentrations, using a Shimadzu TOC-V analyzer with high temperature combustion [35] . During the processing, 50-μL injections of water samples were combusted at 800°C, and then the DOC concentration was converted from the resultant CO 2 measured with a nondispersive infrared detector. The laboratory processing details of measuring chl-a, CDOM, and DOC concentrations are shown in [32] and [36] .
C. Landsat-8 Imagery Acquisition and Preprocessing
Two sensors, the OLI and the thermal infrared sensor, were placed on the Landsat-8 satellite to observe the earth with a revisit frequency of 16 days. In this study, only Landsat-8 OLI imagery was used. The OLI is a push broom scanner with nine bands and a 30-m spatial resolution for eight spectral bands and a 15-m spatial resolution for one panchromatic channel [37] . The scene spans approximate an observation area with a length of 185 km and a width of 180 km. It provides four visible bands that can be used for inland water remote sensing: B1 (coastal/aerosol: 433-453 nm), B2 (blue: 450-515 nm), B3 (green: 525-600 nm), and B4 (red: 630-680 nm). The Level 1T OLI images geometrically corrected were downloaded from the USGS website (http://glovis.usgs.gov/). The L1T products defined in the Universal Transverse Mercator map projection with the World Geodetic System 84 datum were georeferenced with a geolocation error uncertainty < 12 m (0.4 pixel), which would enable more accurate monitoring applications [38] .
The raw L1T Landsat-8 OLI images were preprocessed to derive spectral reflectance including R t and R rs . First, radiometric calibration was performed to convert at-sensor digital numbers Q cal to at-sensor radiance L λ at each band according to
where M L and A L are the band-specific multiplicative and additive rescaling factors of OLI for corresponding spectral bands, respectively. The information of in-water constituents is carried by the water-leaving radiance (L w ), while the atmosphere, sun glint, sky light, and radiance reflected from whitecaps contribute about 90% to the at-sensor radiance [39] . Then, the Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubus (FLAASH) atmospheric correction module in ENVI was used to accurately remove atmospheric effects to retrieve surface reflectance. Joshi and D'Sa [17] , Tebbs et al. [27] , and Kutser et al. [40] have demonstrated that FLAASH could be effective to obtain surface reflectance for inversion of water quality parameters from Landsat data.
The equation of FLAASH used in ENVI is [41] 
where L is the spectral radiance at a sensor pixel, ρ e is an average surface reflectance for the pixel and its surrounding region, S is the spherical albedo of the atmosphere, L a is the radiance back scattered by the atmosphere, and A and B are coefficients that depend on atmospheric and geometric conditions but not on the surface. Note that surface reflectance indicates only the reflectance at air-water surface in this study [42] , so we used R t to replace original symbol R surface (surface reflectance) mentioned in some previous literatures [41] . Then, the outcomes from FLAASH atmospheric correction, i.e., the R t , were used to calculate R rs by removing the reflectance at water surface [33] 
where L r (θ, ϕ) is the surface radiance at the zenith angle θ and the azimuth angle ϕ and E d is the downwelling irradiancethe two variables were estimated using the Hydrolight, a wellknown software for simulating radiative transfer. To calculate the two variables, some parameters, including solar zenith angle, image acquisition time and location, wind speed, and cloud cover, need to be specified in Hydrolight. These parameters can be obtained from either image metadata, or regional weather data such as those provided by National Climatic Data Center. The rest simulation parameters, such as underwater color components and water depth, were set by their default or arbitrary values because these parameters do not determine L r (θ, ϕ) and E d .
D. Algorithm Development and Accuracy Assessment
The CDOM absorption spectra typically present a negative exponential attenuation from short to long wavelength. When the wavelength is longer than 700 nm, CDOM absorption becomes weaker [7] , [43] . In this study, in situ measured spectra were used to simulate the first four bands of Landsat-8 (433-680 nm) in terms of the relative spectral response (RSR) functions of each band in Landsat-8 [34] . For example, B1 (433-453 nm) could be accurately simulated by in situ spectra from 427 to 459 nm (this is the range in RSR for calculating B1). In order to build the best empirical model, band ratios incorporated all possible combinations of B1, B2, B3, and B4 are tested by using linear, power, exponential, and logarithm functions such that
where x is the reflectance ratio of two bands and y is a CDOM (440). In addition, band ratios at R t and R rs data levels were also tested, so in total there were 96 models (12 band ratios × 2 data-levels × 4 functions), but in which 24 models were excluded, because some of them, for example, B1/B2 and B2/B1 ratios in power function, are the same model, and then 72 models were finally tested. We applied a model ranking method to set the best band ratio model. First, we randomly selected 26 samples (consisting the modeling data group) from the total 41 in situ samples to build the 72 models, and use the left 15 samples (consisting the validation data group) to validate them. Next, in order to minimize the uncertainty contained in modeling and validation data groups, we repeated the first step 50 times, that is, making 50 modeling/validation data groups, so that we actually made 50 × 72 = 3600 models as well as their validations. At last, for each modeling/validation data group, we ranked the 72 models in terms of their validation results, which are determined by some statistical parameters such as R 2 (coefficient of determination), RE, RMSE, and bias. Their equations were defined as follows:
For each ranking, we only recorded the best three models that gave the minimal RMSE, RE, bias, or the maximal R 2 . Therefore, for total 50 modeling/validation data groups, we finally obtained 50 × 3 = 150 best models for further analysis. Note that many of the 150 models are using the same band ratio and data level. . The significant seasonal differences of CDOM and DOC between the early May and the middle of October may be caused by the snow melting processes, which import organic matter of adjacent soil into water [44] . The field measurements on May 7, 2013 showed an extreme rainfall effect on CDOM and DOC, since the largest rainfall in 60 years happened approximately three weeks before our cruise. A tendency of going up on DOC resulting from rainfall effects for watersheds is therefore in agreement with [45] . More detailed information of the measured chl-a is shown in [36] .
III. RESULTS
A. In Situ Measured Water Quality and Spectra
The measured R t and R rs are different in their magnitudes but similar in spectral shapes, and they are also with typical signatures of freshwater spectrum-reflectance peaks occur approximately at 570 and 700 nm (Fig. 3) . The peaks at 570 nm may be attributed to a mixed influence of minimal absorptions of phytoplankton pigments and reflectance mainly affected by nonalgal particles (NAPs) [46] , and the small peaks at 650 nm were associated with phycocyanin fluorescence [47] . The reflectance in red bands was characterized by a trough around 670 nm, which related to red chl-a absorption maximum [48] , and the local reflectance peak around 700 nm corresponded to a combination of minimum absorption of phytoplankton pigments and water [49] , [50] . More descriptions and analyses of in situ spectra related to the variation of CDOM were also introduced in [32] and [36] .
B. Determining the Best Band Ratio
As we mentioned in Section II-D, the best three band ratio models were determined by ranking them in terms of their validation results that gave the three smallest RMSEs. Fig. 4 shows if using R t data level to make the models, the best band ratios are usually either B4/B3 or B3/B4 in forms of linear, Fig. 4(c) ]. For example, given 50 modeling/validation data groups, using linear model and setting R t as the input data for the 50 modeling data groups, the band ratio B4/B3 was ranked as the best ratio 30 times, that is, it resulted in the smallest root-mean-squared error (RMSE) for 30 out of the 50 corresponding validation data groups, B4/B2 was ranked as the best 15 times, and B1/B4 was ranked as the best 5 times [ Fig. 4(a) ]. Similarly, if using R rs as the input data, the best band ratios (B4/B3 or B3/B4) are the same as those ratios if using R t in linear, power, and exponential functions, but for logarithmic function, the best ratio is changed from B2/B4 to B3/B4 (Fig. 5) . The results indicate that regardless of model RMSEs for four functions based on the respective best band ratios derived using R t and R rs . The two curves are the trend lines of the mean RMSEs.
TABLE I BEST BAND RATIOS FOR DIFFERENT FUNCTIONS
AND DATA LEVELS R t AND R rs functions and input data levels, band B3 and particularly band B4 should be considered as the best and robust two bands for modeling band ratio algorithms to estimate a CDOM (440) from Landsat-8 images and B2/B4 or B4/B2 can be considered as the second best ratios.
C. Determining the Best Data Level: Comparison of R t and R rs
The performances of the best eight models resulted from the model ranking (shown in Figs. 4 and 5) were compared for different data levels R t and R rs (see Fig. 6 and Table I) , and it is remarkable that the model performances at R rs level are generally better than those model performances at R t level. Note that it is not always that R rs models are better than R t models, for example, for the second modeling/validation data group, the linear model of R t (B4)/R t (B3) performed better than the logarithmic model of R rs (B3)/R rs (B4), but the ranges and the average performance shown in Fig. 6 indicate that in most of the cases, R rs should be taken as the model input.
D. Determining the Best Functions
Given the best band ratios (B3/B4) and data levels (R rs -based) shown in the above two sections, we then need to test which functions are the best. The results show that RMSEs of different functions corresponding to the same band ratio B3/B4 of R rs .
compared with linear and logarithmic models, the power and exponential models performed with better accuracies and the functional advantages applied to both R t and R rs data levels (see Table I ). Fig. 7 shows the validation results from the same band ratio B3/B4 and R rs data level, but the only differences are regression functions. It is clear that the model performances of power and exponential forms are better than those of linear and logarithmic functions. In addition, the exponential function performed more accurate than the power function.
E. Determining the Best Model for Landsat-8
Among all 3600 models we had tested, eight models are the best for different functions and data levels (see Table II ). Because R rs -based models performed better than the R t -based models, we then focused only on the four R rs -based models (Fig. 8) , in which the power and exponential models were not only more accurate with lower RMSE, bias, and higher R 2 but also more robust than the linear and logarithmic models. From  Fig. 8 , we can see that if the linear model is applied to R rs (B4)/R rs (B3) < 0.465 and the logarithmic model is applied to R rs (B3)/R rs (B4) > 2.066, they are possible to make invalid outputs, i.e., negative a CDOM (440) [see the highlighted red circles in Fig. 8(a) and (d) ].
Based on the above results, we suggest using B3/B4 R rs -based exponential model as the best for CDOM estimation from Landset-8, and the formula is a CDOM (440) = 40.75e −2.463x , x = R rs (B3)/R rs (B4) (13) which gave the best results in modeling and validation (R 2 = 0.949, RMSE = 0.504 m −1 , and bias = 0.123 m −1 ; see Table II and Fig. 9 ). An alternative model is a B3/B4 R rs -based power model in the following formula: (14) which also gave the excellent performance (R 2 = 0.930, RMSE = 0.642 m −1 , and bias = 0.299 m −1 ). The relative errors of the best model, i.e., the B3/B4 R rs empirical model, ranges from 27.4% to 41.2%. Fig. 10 shows the validation biases of the above two best R rs -based models over 50 data groups. Their bias distributions are good-the number of underestimations and overestimations is almost the equal. The bias distribution of the exponential model is particularly excellent that 25 data groups were underestimated and another 25 groups were overestimated.
Note that if R rs is unable to be calculated (in case L r or E d is not available), then we suggest the best R t -based model is B3/B4 in power function, that is
F. Applying the Best Model to Landsat-8 Imagery
The R rs -based exponential and power models (13) and (14) were then used to estimate CDOM concentrations from a Landsat-8 image acquired on May 1, 2013, six days earlier than our field measurement on May 7, 2013. Although 6-day gap seems a bit long, it is still an acceptable time window for algorithm calibration and validation from Landsat 4/5/7/8 [22] , [27] , [51] [52] [53] [54] [55] [56] . In addition, during the 6 days, there are no recorded weather or anthropogenic events, such as strong winds, precipitations, temperature variations, and river or lakeshore construction projects, and hence water qualities should be without significant changes correspondingly. The median value of a 3 × 3 pixel array centered on the location of each in situ measurement was used to extract R rs from the image. The image-estimated CDOM and groundtrue CDOM (13 samples) are compared and shown in Fig.  11 . Although the two models were not directly tuned from this image and there is a 6-day gap between sampling and imaging dates, except the samples 5 and 6, the estimation errors of the other 11 samples are less than 14.73%. It seemed that exponential model is slightly better than the power model, with lower errors (RMSE = 1.49 m −1 ) than those of power model (RMSE = 1.59 m −1 ) (also see Tables I and II and Figs. 8 and 9 ). The exponential model (13) was therefore applied to the image, deriving the CDOM spatial distribution as shown in Fig. 12 . The image-derived CDOM distribution is reasonable that CDOM-rich water is present basically in river channels and CDOM concentration becomes lower and lower through the plume regions into the open water in Lake Huron. Above we mentioned that the estimation errors of samples 5 and 6 are relatively large, but the errors were calculated by validating the model at the exact locations of the two field samplings. The two samples 5 and 6 located in the mouth of the Kawkawlin River (Fig. 1) , where water is usually not only highly dynamic and dark but also with small discharge, forming a small plume regions. Therefore, the field sampling locations on May 7, 2013 may not be exactly within the plume region of May 1 when the image was acquired, but if we observe the image-derived a CDOM (440) within the small plume region [see a red narrow zone at the left of the Kawkawlin river mouth and along with the lake bank in Fig. 12(a) ], a CDOM (440) are approximately 6-8 m −1 , quite matching the true values of samples 5 and 6.
Another Landsat-8 image on Oct 8, 2013 was also used to estimate a CDOM (440) [ Fig. 12(b) ]. Based the image-derived results, CDOM exhibits larger abundance on May (1.08-8.47 m −1 ) than on October (0.43-4.59 m −1 ). CDOM enriching in May is possibly caused by snow melting processes occurred in spring and early summer, which import large terrigenous organic matters into water [44] . The ranges of a CDOM (440) 65 m −1 ) . The higher CDOM concentrations in the Kawkawlin River and its plume are consistent with our field measurements. Visually, the Kawkawlin water is much darker than the Saginaw water-the more abundant CDOM in Kawkawlin may be sourced from its highly vegetated watershed and boosted by the autochthonous decomposition related to longer water's residence time due to its slower flow.
The resultant images demonstrate the potential applications of using CDOM to monitor pollutant organic discharging into the lake. For example, there are small CDOM-rich plumes at the right of the Saginaw's mouth (see the two white circled areas in Fig. 12 ). High CDOM concentrations in the small plume are likely to be produced by a small water channel, the dead end of which is very close to a power plant (Consumers Energy-D.E. Karn/J.C. Weadock Generating Complex). The channel is only a few meters narrow and hence unable to be detected in the Landsat images, but its CDOM-rich plume in the lake reveals that there is possible high organic water flowing into the lake. We also found an interesting phenomenon that CDOM in a small lake in the Shelter and Channel Island is opposite to CDOM in Lake Huron, that is, when the great lake bears high CDOM water in May, the CDOM concentration in the small lake is low [see Fig. 12(a) ], but when the great lake bears low CDOM water in October, the CDOM concentration in the small lake is relatively high [see Fig. 12(b) ]. So far, it has been difficult to explain the phenomenon and we would like to leave it for future work.
IV. DISCUSSION
The best band ratio coming from B3 (green: 525-600 nm) and B4 (red: 630-680 nm) is consistent with many previous studies, in which the green-red band ratio has been successfully adopted to derive CDOM for freshwater environments [17] , [20] , [21] , [40] , [57] . Due to the high concentrations of CDOM and detritus, complex inland water bodies are generally characterized by high absorptions at blue band and relatively low absorption at green and red bands. The absorption coefficient of CDOM is an exponential attenuation toward the longer wavelengths, so spectra within the short wave are more sensitive to CDOM concentration, for example, CDOM could account for greater than 50% of total absorption at blue bands [58] . Therefore, theoretically, the coastal/aerosol (B1, 433-453 nm) and blue (B2, 450-515 nm) wavebands of Landsat-8 may be the ideal bands for band ratios. However, the strong absorptions of not only CDOM but also phytoplankton and NAPs in short wavelengths make water-leaving signals from blue bands to be very weak [37] , resulting in relatively small signal-to-noise ratios. Therefore, in practice, the blue and coastal bands of Landsat-8 have not performed well for band ratio modeling in this study. Due to its exponential decay of CDOM's absorptions from blue to red bands, typically, a CDOM is relatively weak in green band. However, for some CDOM-rich complex water bodies, the absorptions of CDOM in green band are possible to be strong and hence take considerable proportions of the total absorptions of the water. For example, by analyzing the NASA Bio-Optical Marine Algorithm Data Set (NOMAD) data, we found that a CDOM (560) (the absorption coefficient of CDOM at 560 nm) contributed 39.8% to a t (560) (the total absorption at 560 nm) when the range of a CDOM (443) was 0.63-1.12 m −1 (mean 0.75 m −1 ). Considering that NOMAD data were mainly collected from open sea and coastal water bodies, for inland CDOM-rich water bodies such as those in our study site [a CDOM (440) ranges from 0.11 to 8.46 m −1 ], a CDOM (560) may take even larger proportion of a t (560). By our in situ observation, some water in study site looks very dark and yellowish. In terms of our field experiences, water with such a color are often highly CDOM rich and absorptions of CDOM usually take large proportions of water's total absorptions. Some previous studies [59] , [60] also demonstrate that CDOM could contribute considerable proportion (10%-40%) to the total absorption at green band for inland water.
Furthermore, inland water with high CDOM is usually with high chlorophyll. We know that chlorophyll absorbs light strongly at blue and red bands but weakly at green band, so for complex inland water, the green band, rather than the blue band, is in fact more sensitive to CDOM than to chlorophyll, and hence is better to be used for CDOM estimation [61] . The red band used here is for normalizing purposes as the influence of CDOM in red band is usually negligible [57] .
Only using R TOA without making atmospheric correction, Olmanson et al. [24] also found Landsat-8 green/red model worked well, but they also thought that CDOM estimation models using coastal/aerosol and near-infrared (NIR) (B5: 845-885 nm) bands are even better for more optically complex water. Since our in situ spectral measurements using HyperSAS were only from 400-800 nm, it was unable to evaluate model performance involving the NIR band, but we doubt that NIR could be used for CDOM estimation. Because of strong absorption of pure water, water-leaving radiance is typically close to zero as the wavelength is longer than 845 nm. TOA radiance in the NIR band of Landsat-8 carries a large amount of useless information of atmosphere and airwater surfaces, instead of the information about in-water constituents, so it is unreliable for CDOM retrieval via NIR band of Landsat-8 without atmospheric correction.
Our results clearly demonstrated that R rs -based models are almost always better than R t -based models, regardless of data groups, band ratios, and functions. The result is consistent with the two advantages of R rs superior to R t : 1) R rs excludes the air-water surface effects and 2) as a dimensionless variable, R t is often used in terrestrial remote sensing where earth surface is usually taken as a Lambertian reflector, but the water surface cannot be taken as typically Lambertian. Sun glint, sky light, and radiance reflected from whitecaps are contaminants contained in R t . When R t is converted into R rs , at the given specific viewing geometry (for example, zenith 45°a nd azimuth 135°), these contaminants can be partly removed. To calculate R rs , L r , and E d were simulated using Hydrolight, but the accuracy of the two spectral variables needs to be evaluated. In all aspects, there are many uncertainties in image processing, and in order to obtain high-quality R rs from Landsat-8, substantial efforts still need to be made in the future [55] .
The exponential function gave the best performance, with not only the smallest RMSE, but also being robust. Although empirical models are usually limited to specific study sites, compared with linear and logarithmic functions that are possible with negative outputs, exponential always gives a valid outcome, making it a more potential model to be applied to other similar sites. Moreover, the robustness of exponential model is particularly good for image-based applications because the quality of satellite-derived R rs is not as good as those measured in the field by spectroradiometers; when a linear or logarithmic model is applied to an image, we often encounter many negative estimates even if the model is fairly good. The estimation results of the four types of functions tested in this study, particularly the best model suggested as (13) , are generally excellent in acceptable statistics (RMSE = 0.504 m −1 , R 2 = 0.949). However, for even more complex water bodies in even larger scales, new models may be considered to create in even more complex forms and with more bands combined, rather than only using two band ratios and the four simple functions tested in this study.
It is needed to mention that atmospheric correction is critical processing for image-based CDOM estimation, since it largely determines the data (R t and R rs ) quality of a model input. Recently, a new atmospheric correction method has been proposed for ocean color applications of Landsat-8 based on longer short-wave infrared wavelengths [62] , but the method has not been synthetically compared with other well-known atmospheric correction methods such as the FLAASH used in this paper. Future work is necessary to evaluate and compare those known and new atmospheric correction methods on Landsat-8 imagery for improving the accuracy of CDOM estimation.
Note that there are also many other CDOM algorithms that do not use band ratios, such as artificial neural network, matrix inversion method, and a quasi-analytical algorithm for CDOM [32] , [42] , [63] , [64] . These algorithms are difficult to be applied to Landsat-8 images, since they are either too complicated or usually require the input wavelengths not provided by Landsat-8. For Landsat imagery with data size being very huge, a simple band ratio algorithm may be still a good option for routinely CDOM-based water quality monitoring.
V. CONCLUSION
The a CDOM (440) band ratio empirical models from Landsat-8 OLI imagery were developed for complex inland water in the plume region of Saginaw River and Kawkawlin River in Lake Huron, and we conclude the following.
1) The best band ratio is green/red (B3/B4).
2) The best function is the exponential model.
3) The best input data should be R rs rather than R t . We then suggest an R rs -based exponential green-red band ratio model, a CDOM (440) = 40.75e −2.463x , x = R rs (B3)/R rs (B4), for CDOM retrieval from Landsat-8 imagery. In case R rs is unable to get, an alternative R t -based model, a CDOM (440) = 3.078x −3.083 , x = R t (B3)/R t (B4), can be used. The application of the suggested model on Landsat-8 images in our study site resulted in good CDOM distributions and variations, and some interesting phenomena were also found, demonstrating the potential capability of the suggested model to use Landsat-8 for water quality monitoring in a large regional scale with high spatial and frequent temporal resolutions.
